Spatio-temporal patterns of population changes within and across countries have various implications. Different geographical, demographic and econo-societal factors seem to contribute to migratory decisions made by individual inhabitants. Focusing on internal (i.e. domestic) migration, we ask whether individuals may take into account the information on the population density in distant locations to make migratory decisions. We analyse population census data in Japan recorded with a high spatial resolution (i.e. cells of size 500 × 500 m) for the entirety of the country, and simulate demographic dynamics induced by the gravity model and its variants. We show that, in the census data, the population growth rate in a cell is positively correlated with the population density in nearby cells up to a distance of 20 km as well as that of the focal cell. The ordinary gravity model does not capture this empirical observation. We then show that the empirical observation is better accounted for by extensions of the gravity model such that individuals are assumed to perceive the attractiveness, approximated by the population density, of the source or destination cell of migration as the spatial average over a circle of radius ≈1 km.
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Spatio-temporal patterns of population changes within and across countries have various implications. Different geographical, demographic and econo-societal factors seem to contribute to migratory decisions made by individual inhabitants. Focusing on internal (i.e. domestic) migration, we ask whether individuals may take into account the information on the population density in distant locations to make migratory decisions. We analyse population census data in Japan recorded with a high spatial resolution (i.e. cells of size 500 × 500 m) for the entirety of the country, and simulate demographic dynamics induced by the gravity model and its variants. We show that, in the census data, the population growth rate in a cell is positively correlated with the population density in nearby cells up to a distance of 20 km as well as that of the focal cell. The ordinary gravity model does not capture this empirical observation. We then show that the empirical observation is better accounted for by extensions of the gravity model such that individuals are assumed to perceive the attractiveness, approximated by the population density, of the source or destination cell of migration as the spatial average over a circle of radius ≈1 km. [4] [5] [6] . These and other factors are often non-randomly distributed in space, creating spatial patterns of migration and population changes over time. A number of models have been proposed to describe and predict spatio-temporal patterns of human migration [7] [8] [9] [10] [11] [12] [13] .
Among these models, a widely used model is the gravity model (GM) and its variants [8, 10, 14, 15] . The GM assumes that the migration flow from one location to another is proportional to a power (or a different monotonic function) of the population at the source and destination locations and the distance between them. The model has attained reasonably accurate description of human migration in some cases [8, 16, 17] , as well as other phenomena such as international trades [18, 19] and the volume of phone calls between cities [20, 21] .
Studies of migration, such as those using the GM [8, 17] and other migration models [11, 22] , are often based on subdivisions of the space that define the unit of analysis such as administrative units (e.g. country and city). However, the choice of the unit of analysis is often arbitrary. Humans whose migratory behaviour is to be modelled microscopically, statistically or otherwise, may pay less attention to such a unit than a model assumes when they make a decision to move home. This may be particularly so for internal (i.e. domestic) migrations rather than for international migrations because boundaries of administrative units may impact inhabitants less in the case of internal migrations than international migrations. This issue is related to the modifiable areal unit problem in geography, which stipulates that different units of analysis may provide different results [23] . For example, particular partitions of geographical areas can affect parameter estimates of gravity models [24] . To overcome such a problem, criteria for selecting appropriate units of analysis have been sought [24] [25] [26] [27] [28] . Another strategy to address the issue of the unit of analysis is to employ models with a maximally high spatial resolution. For example, a recently proposed continuous-space GM assumes that the unit of analysis is an infinitesimally small spatial segment [12] . This approach implicitly assumes that the unit of analysis, which a modelled individual perceives, is an infinitesimally small spatial segment. In fact, humans may regard a certain spatial region, which may be different from an administrative unit and have a certain finite but unknown size, as a spatial unit based on which they make a migration decision. If this is the case, individuals may make decisions by taking into account the environment in a neighbourhood of the current residence and/or the destination of the migration up to a certain distance. Here, we examine this possibility by combining data analysis and modelling, complementing past research on the choice of geographical units for understanding human migration [24] [25] [26] [27] [28] .
In this paper, we analyse demographic data obtained from the population census of Japan carried out in 2005 and 2010, which are provided with a high spatial resolution [29] . We hypothesize that the growth rate of the population is influenced by the population density near the current location as well as that at the focal location, where each location is defined by a 500 × 500 m cell in the grid according to which the data are organized. We provide evidence in favour of this hypothesis through correlation-based data analysis. Then, we argue that the GM is insufficient to produce the empirically observed spatial patterns of the population growth. We provide extensions of the GM that better fit the empirical data, in which individuals are assumed to aggregate the population of nearby cells to calculate the attractiveness of the source or destination cell of migration.
Methods

Dataset
We analysed demographic dynamics using data from the population census in Japan [29] , which consisted of measurements from K = 1 944 711 cells of size 500 × 500 m. The census is conducted every 5 years. We used data from the censuses conducted in 2005 and 2010 because data with such a high spatial resolution over the entirety of Japan were only available for these years. We also ran the following analysis using the data from the census conducted in 2000 (appendix A), which were somewhat less accurate in counting the number of inhabitants in each cell than the data in 2005 and 2010 [30] . In the main text, we refer to the two time points 2005 and 2010 as t 1 and t 2 , respectively. The number of inhabitants in cell i (1 ≤ i ≤ K) at time t is denoted by n i (t). We used the latitude and longitude of the centroid of each cell to define its position. Basic statistics of the data at the three time points are presented in table 1.
Spatial correlation
We defined the distance between cells i and j, denoted by d ij , as that between the centroids of the two cells in kilometres. We measured the spatial correlation in the number of inhabitants between a pair of 
which is essentially the Pearson correlation coefficient calculated from all pairs of cells at a distance ≈d apart. In equation (2.1),n = K i n i /K is the average number of inhabitants in an inhabited cell; σ 2 = K i (n i −n) 2 /K is the variance of the number of inhabitants in an inhabited cell;
. .) and I(d < d i j ≤ d + 1) = 0 otherwise; K (= 482 181 at time t 1 and 477 172 at time t 2 ) is the number of inhabited cells. In equation (2.1), the summations on the right-hand side are restricted to the inhabited cells i and j . We suppressed the time in equation (2.1). It should be noted that C(d) can be larger than 1.
Correlation between the growth rate and the population density in nearby cells
In the analysis of the growth rate of cells described in this section, we only used focal cells i whose population size was between 10 and 100 at t 1 . We did so because the growth rate of less populated cells tended to fluctuate considerably and the growth rate of a more populated cell tended to be ≈0. We carried out the same set of analysis for cells whose population size was greater than 100 to confirm that the main results shown in the following sections remain qualitatively the same (appendix C). It should be noted that cell i may be partially water-surfaced.
To calculate the correlation between the rate of population growth in a cell and the population density in cells nearby, we first divided the entire map of Japan into square regions of approximately 50 × 50 km. The regions were tiled in a 64 × 45 grid to cover the whole of Japan. The minimum and maximum longitudes in the dataset were 122.94 and 153.98, respectively. Therefore, we divided the range of the longitude into 64 windows, i.e. [122. 4, 123) , [123, 123.5),. . ., [153.5, 154] . Similarly, the minimum and maximum latitudes were 45.5229 and 24.0604, respectively. We thus divided the range of the latitude into 45 windows, i.e. [24, 24, 5) , [24.5, 25) ,. . ., [45.5,46] . We classified each cell into one of the 64 × 45 regions on the basis of the coordinate of the centroid of the cell. Note that there were sea regions without any inhabitant. A region included 9600 cells at most.
The growth rate of cell i in the 5 years is given by
We denoted by D i (d) the population density at time t 1 averaged over the cells j whose distance from cell i, d ij , is approximately equal to d, i.e. d < d ij ≤ d + 1. We calculated the Pearson correlation coefficient between the population growth rate (i.e. R i ) and D i (d), restricted to the cells in region k, i.e.
whereR k andD k (d) are the average of R i and D i (d) over the cells in region k, respectively. A positive value of ρ k (d) is consistent with our hypothesis that the population growth rate is influenced by the population density in different cells. We remind that the summation in equation (2.3) is taken over the cells whose population is between 10 and 100. The correlation coefficient ρ k (d) ranges between −1 and 1. We did not exclude water-surface cells or partially water-surface cells j from the calculation of D i (d calculate the single correlation coefficient between R i and D i (d) for the entirety of Japan. In this way, we aimed to suppress fluctuations in individual ρ k (d). We show ρ k (d) for each region in appendix B. We also show ρ k (d) for region k such that all cells within region k and those within 30 km from any cell in region k are not in the sea in appendix B. To examine the statistical significance ofρ(d), we carried out bootstrap tests by shuffling the number of inhabitants in the populated cells at t 2 without shuffling that at t 1 and calculatingρ(d). We generated 100 randomized samples and calculated the distribution ofρ(d) for each sample. We deemed the value ofρ(d) for the original data to be significant if it was not included in the 95% confidential interval (CI) calculated on the basis of the 100 randomized samples.
Gravity model
In the standard gravity model (GM), the migration flow from source cell i to destination cell j ( = i), T ij , is given by
where G, α, β and γ are parameters. Because α, β and γ are usually assumed to be positive, equation (2.4) implies that the migration flow is large when the source or the destination cell has many inhabitants or when the two cells are close to each other. In addition to the GM, we investigated two extensions of the GM in which the migration flow depends on the numbers of inhabitants in a neighbourhood of cell i or j. The first extension, which we refer to as the GM with the spatially aggregated population density at the destination (d-aggregate GM), is given by 5) where N j (d ag ) is the number of inhabitants contained in the cells within distance d ag km from cell j. We remind that the distance between two cells is defined as that between the centroids of the two cells. The rationale behind this extension and the next one is that humans may perceive the population density at the source or destination as a spatial average. A similar assumption was used in a model of city growth, where cells close to inhabitant cells were more likely to be inhabited [32] . The second extension of the GM aggregates the population density around the source cell. To derive this variant of the GM, we rewrite equation (2.4) as T ij = n i × n α−1 i n β j /d γ ij and interpret that each individual in cell i is subject to the rate of moving to cell j, i.e. n α−1 i n β j /d γ ij . The second extension, which we refer to as the GM with the aggregated population density at the source (s-aggregate GM), is defined by
Unless we state otherwise, we set d ag = 0.65 in the d-aggregate and s-aggregate GMs, which is equivalent to the aggregation of a cell with the neighbouring four cells in the north, south, east and west. We will also examine larger d ag values.
Using one of the three GMs, we projected the number of inhabitants in each cell at time t 2 given the empirical data at time t 1 . The predicted number of inhabitants in cell i at time t 2 , denoted byn i (t 2 ), is given byn
(2.7)
We refer to K j=1 T ji , K i=1 T ij and K j=1 T ji − N j=1 T ij as the inflow, outflow and net flow of the population at cell i, respectively.
The projection of the growth rate, denoted byR i , is defined byR
, based on which we calculatedρ(d) for the model. We set G = 1 because the value ofρ(d) does not depend on G. We measured the discrepancy between the empirical and projected data in terms ofρ(d) by 
Results
Spatial distribution of inhabitants
The spatial distribution of the number of inhabitants at time t 2 is shown in figure 1 . The figure suggests centralization of the number of inhabitants in urban areas. We calculated the Gini index, defined by 1/2K 2 × K i =1 K j =1 |n i − n j |/n, to quantify heterogeneity in the population density across cells; it is often used for measuring wealth inequality. The Gini index at t 1 and t 2 was equal to 0.797 and 0.804, respectively, suggesting a high degree of heterogeneity. The survival function of the number of inhabitants in a cell at t 1 and t 2 is shown in figure 2 . The figure suggests that a majority of cells contains a relatively small number of inhabitants, whereas a small fraction of cells has many inhabitants. Figure 1 suggests the presence of spatial correlation in the population density, as observed in other countries [31] . Therefore, we measured the spatial correlation coefficient in the population size between a pair of cells, C(d), where d was the distance between a pair of cells. Figure 3 indicates that C(d) is substantially positive up to d ≈ 70 km, confirming the presence of spatial correlation. This correlation length was shorter than that observed in previous studies of data recorded in the USA [31] (≈1000 km) and spatial correlation in the population growth rate in Spain [33] (≈500 km) and the USA [34] (over 5000 km).
Effects of the population density in nearby cells on migration
We measuredρ(d), which quantifies the effect of the population in cells at distance d on the population growth in a focal cell. Figure 4 showsρ(d) as a function of d. The values ofρ(d) were the largest at d = 0. In other words, the effects of the population density within 1 km is the most positively correlated with the growth rate of a cell. This result reflects the observation that highly populated cells tend to grow and vice versa [35] [36] [37] (but see [38] ). As d increased,ρ(d) decreased and reached ≈0 for d ≥ 20 km. This result suggests that cells surrounded by cells with a large (small) population density within ≈20 km are more likely to gain (lose) inhabitants.
The observed correlation between the population growth rate of a cell and the population of nearby cells may be explained by the combination of spatial correlation in the population density (figure 3) and positive correlation between the population growth rate and the population density in the same cell. To exclude this possibility, we measuredρ(d) as the partial correlation coefficient, modifying equation (2.3), controlling for the population size of a focal cell. The results were qualitatively the same as those based on the Pearson correlation coefficient (appendix D).
Gravity models
Various mechanisms may generate the dependence of the population growth rate in a cell on different cells (up to ≈20 km apart), including heterogeneous birth and death rates that are spatially correlated. Here, we focused on the effects of migration as a possible mechanism to generate such a dependency. We simulated migration dynamics using the gravity model [8, 10, 15] and its variants and compared the projection obtained from the models with the empirical data. We did not consider the radiation models [11, 12] including intervening opportunity models [7] because our aim here was to qualitatively understand some key factors that may explain the effects of distant cells observed in figure 4 rather than to reveal physical laws governing migration.
In figure 4, we compareρ(d) between the empirical data and those generated by the GM, d-aggregate GM and s-aggregate GM. Because precise optimization is computationally too costly, we set γ = 1 and set α, β ∈ {0.4, 0.8, 1.2, 1.6} to search for the optimal pair of α and β. For this parameter set, all models yielded positive values ofρ(0), consistent with the empirical data. For the GM,ρ(d) decreased towards zero as d increased for d < 6 km, i.e. the value ofρ(d) decayed faster than the empirical values. At d > 6 km, ρ(d) generated by the GM was around zero but tended to be smaller than the empirical values. The two extended GMs yielded a decay ofρ(d), which hit zero at d ≈ 20 km, qualitatively the same as the behaviour of the empirical data. The two extended GMs generated largerρ(d) values than the empirical values for d ≤ 20 km.
To investigate the robustness of the results against variation in the parameters of the models, we varied the parameter values as α ∈ {0.4, 0.8, 1.2, 1.6} and β ∈ {0.4, 0.8, 1.2, 1.6} and measured the discrepancy between the model and empirical data in terms of the discrepancy measure defined by equation (2.8) . The results for the three models are shown in figure 5 . The data obtained from the GM were inaccurate except when α or β was small. In addition, the minimum discrepancy for the GM (= 1.469) was larger than that for the d-aggregate GM and s-aggregate GM (= 1.163 and 1.161, respectively). The d-aggregate GM showed a relatively good agreement with the empirical data in a wide parameter region. The performance of the s-aggregate GM was comparable with that of the d-aggregate GM only when α = 0.4 or 0.8. Our analysis suggests that aggregating nearby cells around either the source or destination of migration seems to improve the explanatory power of the GM. The performance of the d-aggregate GM was better than that of the s-aggregate GM in terms of the robustness against variation in the parameter values. 
Effects of the granularity of spatial aggregation
We set d ag , the width for spatial smoothing of the population density at the source or destination cell in the extended GM models, to 0.65 km in the previous sections. To investigate the robustness of the results with respect to the d ag value, we used d ag = 1, 5 and 25 km combined with the d-aggregate and s-aggregate GMs. The discrepancy between each model and the empirical data is shown in figure 6 .
When d ag = 1 km, for both models, the results were similar to those for d ag = 0.65 km (figure 4). When d ag = 5 and 25 km, the behaviour ofρ(d) was qualitatively different, withρ(d) first increasing and then decreasing as d increased, or even more complicated behaviour (i.e. s-aggregate GM with d ag = 25 km shown in figure 6b ). Figure 7 confirms that the results shown in figure 6 remain qualitatively the same in a wide range of α and β. In other words, the results for d ag = 1 (figure 7a,b) are similar to those for d ag = 0.65 (figure 5b,c), whereas those for d ag = 5 (figure 7c,d) and d ag = 25 (figure 7e,f ) are not. We conclude that aggregating the population density at the source or destination of migration with d ag = 5 km or larger does not even qualitatively explain the empirical data.
One-dimensional toy model
To gain further insights into the spatial inter-dependency of the population growth rate in terms of inand out-migratory flows of populations, we analysed a toy model on the one-dimensional lattice (i.e. chain) with 21 cells (figure 8). Differently from the simulations presented in the previous sections, the current toy model assumes a flat initial population density except in the three central cells. Combined with the simplifying assumption of the one-dimensional landscape, we aimed at revealing a minimal set of conditions under which the empirically observed patterns were produced. We focused on the central cell and its two neighbouring cells, one on each side on the chain. We set the initial number of inhabitants in the central cell to x, those of the two neighbouring cells to x and those of the other cells to one as normalization. The distance between two adjacent cells was set to unity without a loss of generality. Then, we investigated the net flow (i.e. population growth rate), inflow and outflow of populations as a function of x and x using the three GMs. We set d ag = 1, with which we aggregated three cells to calculate the population density at the source or destination of the immigration in the two extensions of the GM.
The net flow, inflow and outflow in the three models are shown in figure 9 . In the GM, the net flow at the central cell heavily depended on x but negatively and only slightly depended on the population size in the neighbouring cells x (figure 9a). This result was inconsistent with the empirically observed pattern (figure 4). This inconsistency was due to an increase in the outflow at the central cell as x increased (figure 9c), whereas the inflow at the central cell was not sensitive to x (figure 9b).
The patterns of migration flows for the d-aggregate and s-aggregate GMs were qualitatively different from those for the GM (figure 9d-i). In both models, the population growth rate increased as x increased (figure 9d,g), which is consistent with the empirically observed patterns. In the d-aggregate GM, this change was mainly owing to changes in the inflow, which increased as x increased (figure 9e). The outflow for the d-aggregate GM was similar to that for the GM (figure 9f ). In other words, a cell 8 . The schematic of the GM models on a chain. A square represents a cell, and n i is the initial number of inhabitants in cell i.
We set x = 2.8 and x = 2.2 for illustration.
surrounded by those with higher population density attracted a larger migration flow in the d-aggregate GM. By contrast, in the s-aggregate GM, changes in the population flow were mainly attributed to changes in the outflow. The inflow for the d-aggregate GM was similar to that for the GM (figure 9h) and the outflow decreased as x increased for the d-aggregate GM (figure 9i). In other words, a cell surrounded by those with higher population density was less likely to lose inhabitants in the s-aggregate GM.
Gravity model with the aggregation around both the source and destination cells
Lastly, we investigated an extension of the GM with the aggregation of cells around both the source and destination cells, called the sd-aggregate GM (appendix E). The behaviour ofρ(d) was qualitatively the same as that obtained from the d-aggregate GM, s-aggregate GM and empirical data ( figure 18 ). In addition, the sd-aggregate GM was accurate in a wide parameter region ( figure 19 ). We also confirmed that the discrepancy measure for the sd-aggregate GM increased as d ag increased (figures 20 and 21), similar to the results for the d-aggregate and s-aggregate GMs (figures 6 and 7). The behaviour of this model on the one-dimensional toy model was also consistent with the empirical data ( figure 22 ) because the inflow and outflow of the model were similar to those for the d-aggregate GM and s-aggregate GM, respectively.
Discussion
We investigated spatial patterns of demographic dynamics through the analysis of the population census data in Japan in 2005 and 2010. We found that the population growth rate in a cell was positively correlated with the population density in cells nearby, in addition to that in the focal cell. We used the gravity model and its variants to investigate possible effects of migration on the empirically observed spatial patterns of the population growth rate. Under the framework of the GM, we found that aggregating some neighbouring cells around either the source or destination of migration events considerably improved the fit of the GM model to the empirical data. The results were better when the cells around the destination cell were aggregated, in particular regarding the robustness of the results against variation in the parameter values, than when the cells around the source cell were aggregated. All the results were qualitatively the same when we set the destination cell. Because the size of the cell is imposed by the empirical data, aggregation of cells around the destination cell is equivalent to decreasing the spatial resolution of the GM by coarse graining. Traditionally, administrative boundaries have been used as operational units of the GM [39] . A cluster identified by the city clustering algorithm may also be used as the unit [38, 40] . In the continuous-space GM, the unit is assumed to be an infinitely small spatial segment [12] . However, there is no a priori reason to assume that any one of these units is an appropriate choice. Our results suggest that spatial averaging with a circle of radius d ag ≈ 1 km may be a reasonable choice as compared to a larger d ag or the original cell size (i.e. 500 × 500 m 2 ). Real inhabitants may perceive the population density at the destination as a spatial average on this scale. Although we reached this conclusion using the GMs, this guideline may be also useful when other migration models are used.
Shizuoka
The present study has limitations. First, due to a high computational cost, we only examined a limited number of combinations of parameter values in the GMs. A more exhaustive search of the parameter space or the use of different migration models, as well as analysing different datasets, warrants future work.
Second, due to the lack of empirical data, we could not analyse more microscopic processes contributing to population changes. For example, because of the absence of spatially explicit data on the number of births and deaths, we did not include births and deaths into our models. However, the observed inflow and outflow were at least twice as large as the numbers of births and deaths in all the 47 prefectures in Japan (table 2) . Therefore, migration rather than births and deaths seems to be a main driver of spatially untangled population changes in Japan during the observation period. The lack of data also prohibited us from looking into the effect of the age of inhabitants. In fact, individuals at a certain life stage are more likely to migrate in general [4, 5] . Data on migration flows between cells, births, deaths and the age distribution, which are not included in the present dataset, are expected to enable further investigations of the spatial patterns of population changes examined in the present study.
Third, our conclusions are based on the longitudinal data at only two time points in a single country. The strength of the current results should be understood as such.
Fourth, we did not take into account the effect of water-surface cells, which cannot be inhabited. The population density at distance d from a focal cell i, i.e. D i (d), is therefore underestimated when cell i is located near water (e.g. sea, lake, large river). Additional information about the geographical property of cells such as the water area within the cell and the land use may improve the present analysis. set t 1 = 2000 and t 2 = 2005 and ran the same analysis pipeline with that in the main text to examine the robustness of our results. As shown in the following, the results were qualitatively the same as those shown in the main text for (t 1 , t 2 ) = (2005, 2010) (figures 4-7), except for the behaviour of the GM. In figure 10,ρ(d figure 11 . The results for the GM were inaccurate for all parameter combinations that we considered (figure 11a). The d-aggregate GM yielded a good agreement with the data in a wide parameter region (figure 11b). The s-aggregate GM was accurate only for α = 0.4 (figure 11c). These results are similar to those for (t 1 , t 2 ) = (2005, 2010) (figure 5).
We then examined the robustness of the results with respect to the d ag value. The discrepancy between the models and the empirical data is shown in figure 12. For both d-aggregate and s-aggregate GMs,ρ(d) behaved similarly to that for the empirical data when d ag = 1 km but not when d ag = 5 km and 25 km. Figure 13 confirms this result for various values of α and β. For a wide region of the α-β parameter space, the discrepancy increased as d ag increased. In the main text, we showed the values of ρ k (d) averaged over all regions of size 50 × 50 km, denoted bȳ ρ(d) ( figure 4 ). The ρ k (d) for each region k is plotted as a function of d in figure 14 . The values of ρ k (d) depend considerably on the region.
To calculateρ(d), we used all regions. However, some regions and their nearby regions include watersurface cells, potentially biasing the estimation ofρ(d). Therefore, we examined the ρ k (d) values for region k such that all cells within region k and those within 30 km from any cell in region k are not in the sea. The average of ρ k (d) over these regions is qualitatively the same as that shown in the main text ( figure 15 ).
Appendix C. Analysis of cells with more than 100 inhabitants
In the main text, we used cells whose population size was between 10 and 100. Figure 16 showsρ(d) for cells whose population size was greater than 100. The behaviour ofρ(d) was qualitatively the same as that for the cells of the population size between 10 and 100 (figure 4). 
Appendix D. Analysis with the partial correlation coefficient
In the main text, we calculated ρ k (d) using the Pearson correlation coefficient (equation (4)). However, the strong spatial correlation in the population size combined with the tendency that a highly populated cell grows more than sparsely populated cells do may result in spuriously large ρ k (d) values. Therefore, to control for the spatial correlation in the population size, we calculated the partial correlation coefficient between the population growth rate of a cell and the population density in nearby cells, ρ k (d), by
where cor k (·, ·) is the Pearson correlation coefficient between two variables in region k; D i (d) is the population density averaged over the cells at distance d from cell i in region k; R i is the population growth rate of cell i in region k; and n i is the number of inhabitants in cell i in region k. We definedρ (d) as the average of ρ k (d) over all regions. Figure 17 shows thatρ (d) as a function of d behaves similarly tō ρ(d) ( figure 4) .
Appendix E. Gravity model with the population density aggregated around both the source and destination cells
In the main text, we aggregated the cells around either the source or destination cell but not both.
Here, we carried out aggregation around both the source and destination cells. In the model, which we refer to as the GM with the aggregation around both the source and destination (sd-aggregate GM), .
( E 1 )
As we present in the following, the behaviour of the sd-aggregate GM was similar to that of the d-aggregate GM (figures 4-7). We compareρ(d) between the empirical and simulated data in figure 18 . The behaviour ofρ(d) obtained from the GM was qualitatively the same as that of the empirical data. The discrepancy between the model and empirical data (equation (2.8)) was small in a wide parameter region ( figure 19 ). We also confirmed that the discrepancy increased as d ag increased (figures 20 and 21). The net flow, inflow
